This paper presents the Multidimensional Poverty Index (MPI), a measure of acute poverty, understood as a person's inability to meet simultaneously minimum international standards in indicators related to the Millennium Development Goals and to core functionings. It constitutes the first implementation of the direct method to measure poverty for over 100 developing countries. After presenting the MPI, we analyse its scope and robustness, with a focus on the data challenges and methodological issues involved in constructing and estimating it. A range of robustness tests indicate that the MPI offers a reliable framework that can complement global income poverty estimates.
Introduction
There are essentially two methods to measure poverty, the direct method and the indirect or income approach. 1 The direct method shows whether people satisfy a set of specified basic needs, rights, or -in line with Sen's capability approach -functionings. The indirect method determines whether people's incomes fall below the poverty line -the income level at which some specified basic needs can be satisfied. Both methods have been extensively applied. The direct method has been implemented with measures of relative deprivation in Europe, measures of hardship in the US, and official measures of Unsatisfied Basic Needs in Latin America, for example. 2 The income method has been implemented in official poverty measures for most countries of the world. 3 International poverty comparisons have used income poverty measures since the important contribution of Ravallion, Datt and van de Walle (1991) , which estimated the magnitude of income poverty in the developing world. The authors used data from household surveys, the coverage of which had grown significantly. Then as now, data was not perfectly comparable and the authors had to make significant adjustments and assumptions. 4 This approach developed into the 'dollar-a-day' or 'extreme' poverty measure reported by the World Bank. 5 Leaving aside the challenges of data comparability, from the start there has been recognition of the basic limitations of the income method. First, the pattern of consumption behavior may not be uniform, so attaining the poverty line level of income does not guarantee that a person will meet his or her minimum needs (Sen 1981, p. 28) . Second, different people may face different prices, reducing the accuracy of the poverty line (Sen 1981, p. 28) . Third, the ability to convert a given amount of income into certain functionings varies across age, gender, health, location, climate and conditions such as disability -i.e. people's conversion factors differ (Sen 1979) . 6, 7 Fourth, affordable quality services, such as water, health and education, are frequently not provided through the market. 8 Fifth, using the indirect method
The key difference between the MPI and the 'dollar-a-day' measures is precisely that the first applies the direct method whereas the second applies the indirect method. The two measures are complements. As noted by Sen (1981) , they are not "...two alternative ways of measuring the same thing, but represent two alternative conceptions of poverty." While the MPI identifies those who actually fail to meet the accepted conventions of minimum needs or functionings, the $1.25/day method identifies those who do not have the income usually required to meet certain needs. Both concepts are of interest in assessing poverty (Sen 1981, p. 27-28) . Hence the MPI intends to complement income poverty analyses in the developing world by bringing information from a different angle -a focus on actual deprivations.
The MPI is one particular implementation of the direct method in terms of functional form and parameters. The direct method has traditionally used a counting approach to identify the poor and the 9 For example, there is evidence of an anti-female bias in some regions as girls have a greater probability of being aborted and/or of perishing in childhood (Sen 1990 (Sen , 2003 Klasen and Wink 2003) . 10 See for example the academic forum published in the Journal of Economic Inequality, volume 9 numbers 2 and 3. 11 The MPI replaced the Human Poverty Index (HPI) which had been reported since 1997 (Anand and Sen 1997) . The MPI shares the same motivation with the HPI: the desire to move from the unidimensional space to a multidimensional one and to consider the ends of development rather than means. Dealing with the data constraints of the time, the HPI used aggregate data. The MPI uses individual-level data to identify the people who experience overlapping deprivations. 12 Some have argued that the MPI uses very low deprivation cutoffs and therefore underestimates poverty in some regions of the world, such as in Latin American countries (Boltvinik 2012) . Indeed, the MPI leaves out many people who are poor according to standards in their societies. Yet, the MPI is aimed at measuring acute poverty, using cross-country norms. The MPI can (and is being) supplemented by the construction of national MPIs, tailored to their specific contexts. These alternative specifications of the MPI are analogous to the national poverty measures vs. the 'dollar-a-day' measures.
OPHI Working Paper 59 www.ophi.org.uk 7 headcount ratio measure for aggregation. 13 The MPI uses one member of a new family of poverty measures developed by Alkire and Foster (2007, 2011a ; AF henceforth), the Adjusted Headcount Ratio or M 0 measure. The AF measures belong to a new generation of poverty measures that have renewed interest in the direct method by using solid aggregation methodologies based on axiomatic frameworks analogous to those which enabled the advances in income poverty measurement in the '70s and '80s. 14 The AF measures additionally elaborate the identification step, making explicit the use of a dual cutoff approach and axioms that are joint restrictions on identification and aggregation procedures. These new poverty measures are described as multidimensional rather than unidimensional measures, and in essence they implement the direct vs. indirect method.
The MPI applies the M 0 measure to a set of ten deprivations related to the MDGs across three dimensions: health, education and standard of living (see Figure I ). The information provided by the MPI differs from what individual MDG indicators can offer, what has been called by Ravallion (2011) a dashboard approach. How? The MPI identifies people with joint disadvantages. This has been widely recognized as its novelty and strength, because understanding the deprivations people face at the same time is of independent ethical and policy interest. 13 Counting approaches identify the poor based on the number of dimensions in which their achievements fall below a threshold. 14 This 'new generation' of axiomatic poverty measures includes those by Chakravarty, Mukherjee and Renade (1998) , Tsui (2002) , Bourguignon and Chakravarty (2003) , Chakravarty and Silber (2008) , Bossert, Chakravarty and D'Ambrosio (2009) , and Alkire and Foster (2011a) . Not all new measures can be used with ordinal data. 15 See Stiglitz, Sen, Fitoussi (2009) , Bourguignon and Chakravarty (2003) , Deaton (2011) , Ravallion (2011), and Ferreira (2011) .
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Figure 1: Dimensions and indicators of MPI
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After a concise presentation of the MPI's construction, this paper clarifies the data challenges faced when constructing an internationally comparable multidimensional poverty measure and explains the methodology the MPI employed. It offers key results and then presents a range of robustness tests which evaluate the extent to which the 2010 MPI results are reliable and stable to changes in parameters. The last section concludes.
The MPI's Structure
The MPI's mathematical structure corresponds to one member of a family of multidimensional poverty measures proposed by Alkire and Foster (2007, 20011a) , the M 0 or Adjusted Headcount Ratio. 16 For a detailed presentation of this family of measures, please see Alkire and Foster (2011a) . Constructing this measure entails the following steps.
1. Defining the set of indicators which will be considered in the multidimensional measure. Data for all indicators needs to be available for the same person or household.
2. Setting the deprivation cutoffs for each indicator, namely the level of achievement (normatively) considered sufficient in order to be non-deprived in each indicator.
3. Applying the cutoffs to ascertain whether each person is deprived or not in each indicator.
4. Selecting the relative weights or value that each indicator has, such that these sum to one.
5. Determining the poverty cutoff, namely, the proportion of weighted deprivations a person needs to experience in order to be considered multidimensionally poor.
6. Creating the weighted proportion of deprivations for each person, which can be called his/her deprivation score, and identifying him/her as multidimensionally poor or not according to the selected poverty cutoff.
7. Computing the proportion of people who have been identified as multidimensionally poor in the population. This is the headcount ratio of multidimensional poverty H, also called the incidence of multidimensional poverty.
8. Computing the average share of weighted indicators in which poor people are deprived. This entails adding up the deprivation scores of the poor and dividing them by the total number of poor people. 17 This is the intensity of multidimensional poverty, A.
9. Computing the M 0 measure as the product of the two previous partial indices: M 0 =H x A. Analogously, M 0 can be obtained as the sum of the weighted deprivations that the poor (and only the poor) experience, divided by the total population.
There are various reasons for choosing the M 0 measure as the structure for the MPI over other available measures. In the first place, given that there is yet no satisfactory procedure to 'cardinalize' ordinal 16 For a more pedagogical presentation, see Alkire and Foster (2011b) . 17 The deprivations experienced by people who have not been identified as poor (ie. those whose weighted deprivation score is below the poverty cutoff) are not included; this censoring of the deprivations of the non-poor is consistent with the Poverty Focus Axiom which -analogous to the unidimensional case -requires a poverty measure to be independent of the data of the non-poor. For further discussion see Alkire and Foster (2011a) .
OPHI Working Paper 59 www.ophi.org.uk 9 variables, the measure is robust when using categorical, ordinal or cardinal variables, as it dichotomizes the individuals' achievements into 'deprived' and 'non-deprived'.
Second, by adjusting the incidence of multidimensional poverty by the intensity, M 0 satisfies dimensional monotonicity (Alkire and Foster 2011a) : if a poor person becomes deprived in an additional indicator, M 0 will increase.
Third, the measure is decomposable by population subgroups, meaning that the M 0 of the overall society can be obtained as the population-weighted sum of subgroup poverty levels (total subgroups exhausting the population). This enables comparing poverty across subgroups.
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Fourth, after identification, M 0 can be broken down by indicator. The overall M 0 can be expressed as the weighted sum of the proportion of the total population who have been identified as poor and are deprived in each indicator (weights referring to the relative weight of each indicator). These proportions are the so-called censored headcount ratios, as opposed to the raw (or uncensored) headcount ratios which are simply the deprivation rates in each indicator (without excluding -i.e. censoring -the deprivations of the non-poor). Analogous to population subgroup decomposability, this break-down enables analysis of the contribution of deprivations in a specific indicator to overall poverty.
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For these reasons, the M 0 is intuitive yet a technically solid measure. It summarizes a complex phenomenon such as multidimensional poverty in one number. Yet it can be unfolded into an array of intuitive and consistent subindices which include poverty incidence and intensity, indicators' censored headcount ratios, percent contributions by indicators, and comparisons across population subgroups. The overall M 0 has a direct intuition also: it reflects the proportion of weighted deprivations that the poor experience out of all the total potential deprivations that society could experience.
The M 0 measure is the mathematical structure of the MPI. In the next section we explain the content of the MPI, that is, the particular selection of dimensions, indicators, deprivation cutoffs, weights and poverty cutoff, some of which are constrained by data availability.
Data Challenges and Methodological Issues
A poverty measure using the direct method considers all indicators pertaining to the same unit of analysis -individuals or households. Normally, they must come from the same survey or data source. Given that the MPI is designed to be an internationally comparable measure for the developing world, the requirement was more demanding: we needed to use comparable indicators present in household surveys of 100+ developing countries. While the collection of data from household surveys has improved steadily, data limitations constrain the dimensions, the indicators and the unit of analysis chosen for the MPI. Other methodological decisions are also linked to data limitations such as the treatment of households with non-applicable population for certain indicators and the treatment of missing values. Within these constraints, decisions on the MPI parameters -deprivation cutoffs, weights 18 Subgroup percentage contribution to overall poverty is computed as the subgroup M0 weighted by its population share over the overall M0. 19 The percentage contribution of an indicator to overall poverty is computed as the censored headcount ratio multiplied by its relative weight, divided by the overall M0 measure. When several indicators belong to the same dimension, the dimensional contribution can be obtained simply by summing the percentage contributions of all indicators within that dimension.
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Dimensions, indicators and unit of analysis
The potential dimensions that a measure of poverty might reflect are broad and include health, education, living standards (which might include income, housing, infrastructure, services and assets), work, empowerment, the environment, safety from violence, social relationships, and culture (Alkire 2008 ). Yet, the MPI includes only three dimensions: health, education and living standards. Comparable data of sufficient quality are not available from the same survey in the public domain for 100+ developing countries to consider any other dimension. Nor were all relevant indicators for the chosen dimensions available. For example, it was not possible to include income or quality of education because these variables were missing in most surveys that contained health variables such as nutrition. In terms of the unit of analysis, ideally the MPI would have used the person as the unit of analysis, in order to analyse intra-household inequalities and decompose poverty by gender and age. However, health and, sometimes, educational indicators are not available for all household members. Thus, the MPI uses any available information on all members of each household in order to identify all household members as poor or not. Using overall household achievements to identify each person as poor, despite its limitations, allows for interaction, smoothing and mutual sharing within the household, and can create policy efficiencies (Basu and Foster 1998) . Table 1 displays the ten indicators, weights and deprivation cutoffs used. The deprivation cutoffs used for each indicator are based to a large extent on international standards such as the MDGs.
Despite data constraints, each indicator conveys a distinctive insight. For education we use two indicators: whether someone in the household has five years of education and whether all children of school age are attending school. While information on educational achievements and the quality of education would be desirable for both indicators, years of schooling provides a rough proxy of basic educational skills: literacy, numeracy and understanding of information. All household members are considered non-deprived if at least one person has five years of schooling. School attendance is used to indicate whether children, at the age in which they would attend classes one to eight, are being exposed to a learning environment. This indicator is used in the MDGs, UNESCO (2010) Health was the most difficult dimension to measure. We use two health indicators that relate to but are defined differently from standard health indicators. The first identifies a person as deprived in nutrition if anyone in their household is undernourished. Under-nutrition usually indicates a functioning failure which can have life-long effects in terms of cognitive and physical development in the case of children and which makes any person vulnerable to other health threats. The second indicator is whether a child in the household has died. The death of a child is a total health functioning failure -one that is direct and tragic, and that influences the entire household. Most, although not all, child deaths are preventable, being caused by infectious disease or diarrhea. 22 In the MPI all household members are considered deprived if there is record of a person being malnourished; similarly, all members are considered deprived if there has been at least one observed child death (of any age) in the household.
The standard of living dimension comprises six indicators. There are three standard MDG indicators that are also related to health and particularly affect women: safe drinking water, improved sanitation and the use of clean cooking fuel. There are two non-MDG indicators: electricity and flooring material. Both of these provide some rudimentary indication of the quality of housing. The final indicator covers the ownership of some consumer goods, each of which has its own literature: radio, television, telephone, bicycle, motorbike, car, truck and refrigerator. The living standard indicators are means rather than ends; they are not direct measures of functionings. Yet, these means are very closely connected with the ends (functionings) they are supposed to facilitate.
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Floor
The household has dirt, sand or dung floor.
5.6%
Cooking Fuel
The household cooks with dung, wood o carbon.
5.6%
Assets
The household does not own more than one of the following assets: radio, television, telephone, bicycle, scooter or refrigerator, and does not own a car or a truck. 
Data sources used
Three main datasets were used to compute the MPI: the Demographic and Health Survey (DHS), the Multiple Indicators Cluster Survey (MICS) and the World Health Survey (WHS). These surveys were selected for two reasons. First, country implementation follows standardized guidelines, so there is relatively greater homogeneity and comparability than between other national multi-topic household surveys. Second, they contain relevant and internationally comparable information on health indicators such as nutrition and mortality which are vital to multidimensional poverty but are missing from standard income and expenditure surveys. All the questions used to construct the MPI indicators were harmonized one-by-one to ensure the strongest comparability possible given the data constraints.
The surveys were implemented in different years. We used the most recent available dataset for each country (from the year 2000 and available until April 2010). Whenever more than one survey dataset was available, we generally privileged DHS over MICS, and MICS over WHS, because of data quality and indicator availability.
We used DHS datasets, Phase 4 or higher, for 48 developing countries. MICS 2 or MICS 3 datasets were used for 35 developing countries, and WHS datasets for 19 countries.
All three datasets are nationally representative. They follow a multi-stage stratified design, thus when the sample is not self weighted, we used the sample weights provided in the datasets. When using the DHS, we have only considered the de jure members, excluding the de facto members. This was necessary for comparability across surveys and avoids over-estimation of poverty for DHS datasets.
Additionally, two country-specific surveys were used: the Encuesta Nacional de Salud y Nutrición (ENSANUT) of Mexico, conducted in 2006, and the Encuesta Nacional de Nutrición y Salud (ENNyS) of Argentina conducted in [2004] [2005] . No other survey with the required indicators was available for these countries. ENSANUT is nationally representative and collects indicators that are comparable with those in the other three surveys. The ENNyS dataset was conducted only in urban areas, and the sample design and survey weights do not allow nationally representative estimates in urban areas. We report these estimates as a lower bound estimate of acute multidimensional poverty in the urban areas of Argentina.
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Of the 104 countries, 24 are in Central and Eastern Europe and the Commonwealth of Independent States (CIS), 11 are Arab States, 18 are in Latin America and the Caribbean, 9 are in East Asia and the Pacific, 5 are in South Asia and 37 are in Sub-Saharan Africa. We would have liked to have a larger and more recent dataset for China than the WHS, which covers just under 4,000 households.
OPHI Working Paper 59 www.ophi.org.uk 14 stable across parameter choices. Still, given the small sample size we refrain from a detailed analysis of China. 25 In all these cases, the indicators' weights are adjusted following the structure detailed in Section 3.5.
Cross-country comparability is affected by data constraints in several ways: we use different surveys that have differences in the definition of some indicators such as nutrition, we use different years, and eleven countries lack more than one indicator. Therefore, the value added of this study is not in determining the precise position of each country in an 'international ranking' but rather in a) providing a more comprehensive and accurate picture of global acute poverty, b) providing a poverty estimate in each of the 104 countries as well as the associated partial indices reflecting incidence, intensity and composition, and c) demonstrating a methodology that can be adapted to national or regional settings and applied to improved datasets.
OPHI Working Paper 59 www.ophi.org.uk Notes: 1 In 12 DHS countries not all eligible women between 15 and 49 years of age and under-5-year old children were measured for nutritional assessment. In 11 of these countries females and children were measured only in a 50% random sub-sample of households and in Senegal in a 33% random sub-sample of households. These countries are signaled in Table A .1. To keep consistency with the methodology, we decided to consider the sub-sample of eligible women and children not selected to be measured as if they were a non-applicable population, and thus non-deprived. This is in fact what we do with women in MICS and children in WHS. 2 Only Yemen, Somalia and Iraq are MICS countries with birth history. 3 The duration of each level as well as the age at which children start school in each country was taken from UNESCO (2010).
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Given that UNESCO determines the duration according to the International Standard Classification of Education, this information was contrasted with each dataset and country-specific information and adjusted whenever necessary. 4 In Colombia, the information on sharing sanitation facilities was considered unreliable (inexplicably high) and thus was ignored.
Treatment of households with non-applicable population
Ideally, the MPI would reflect the same achievements for each person in the sample. However such an index would exclude all child-related information, because not every household has a child member. Given the importance of children and of health, the MPI includes three indicators that are not applicable to all households yet, we feel, make the measure more accurate than the alternative.
The three indicators are as follows. Child school attendance is non-applicable for households with no children of school age; nutrition is non-applicable for households that have no under-five-yearold children and no women aged 15-49 in DHS, and for households that have no under-five-yearold children in MICS. Finally, the mortality indicator is non-applicable in DHS households if households have no information from either a male or a female in reproductive age, in MICS households if there are no females in reproductive age, and in WHS households if the respondent is a male older than 25 years. In all cases, the procedure followed is to consider the households that do not have the relevant eligible population to be non-deprived in the relevant indicators. Households that do have applicable populations but have missing values are considered to have missing data and are excluded from the sample.
Treatment of missing data and sample sizes
Whenever a household had missing information for all its members in an indicator, it was excluded. If there was missing information for some members, we used the available information as follows. For years of education, if at least one member has five or more years of education we classify the household as non-deprived. If we have information on two-thirds (or more) of household members, and these each report less than five years of education, the household is classified as deprived; otherwise it is considered missing. For child school attendance, if we have information for at least one of the children in the household, the household is classified according to this value.
For nutrition, in DHS countries, if nutritional information was entirely missing and there were eligible children and/or women, we consider the household as missing this indicator. 26 Otherwise, we used the available information. Similarly, for child mortality, households that had eligible members who did not respond to the mortality question are considered missing; otherwise the household is considered non-deprived.
In the case of the eight assets, if any item was missing, we assumed that the household does not own this asset. The indicator takes a missing value if there is missing information for all assets.
Households that had any indicator missing (according to the procedures described above), were dropped from the sample. In most countries the resulting sample reduction is mild. Eighty-five countries have a sample size of 87% or higher of the original sample size (see Table A .1 in the Appendix). For the 19 countries with sample sizes lower than 87% of the original sample, we performed a bias analysis using hypothesis tests of differences in means. Specifically, for each country, we identified the indicator/s that caused the sample size reduction. We then divided the sample in two groups: those missing the indicator and those having observed values for the indicator. Then we compared the raw headcount ratios across the other indicators. We considered stratification and clustering when computing the standard errors and use a confidence level of 90%.
For each country we considered the number of indicators in which the group with missing information in a particular variable had significantly higher raw headcount ratios than the group with non-missing information, as well as the number of indicators for which the group with missing information had a significantly lower proportion of deprivations. Whenever the first number was higher than the second number, we understand that if we could have included the group with missing information, the MPI would have presumably been higher. Thus, in such cases, we consider the country's MPI estimate to be a lower bound estimate. When the opposite holds, we consider the country's MPI estimate to be an upper bound. Table A .1 shows the countries whose MPI estimates are considered to be upper or lower bound.
Indicators' weights
The relative values of different deprivations may be obtained many ways, including participatory processes, expert opinion, survey questions, prices, statistical analysis or subjective evaluation. National or local poverty measures may have even more scope for such inputs than an international one. Given that people, countries and contexts will value dimensions differently, we follow Sen (1996) in proposing that the values (or weights) should be explicit and transparent so as to be open to public debate, and further, that key comparisons must be robust to a plausible range of weights. The MPI weights reflect the normative assessment -defended previously in the HDI and HPIthat achievements in health, education and living standards are roughly equal in intrinsic value. Having roughly equal weights across dimensions also eases the interpretation of the index for policy (Atkinson et al. 2002) . Clearly, the weighting structure determines the assumed trade-offs across deprivations. Yet by making weights explicit and transparent, so are the trade-offs.
As detailed in Table 1 , in the MPI weights are equally distributed across dimensions (1/3 each) and within dimensions, across indicators. Whenever there are fewer than ten indicators in a particular dataset, the same nested weighting principle applies; in no measure does a country lack all indicators from any dimension.
Because any measure must be robust to a range of plausible weights, in Section 5.3 we compare three alternative weighting structures, applying a 25% to 50% weight on each dimension. The results suggest that the MPI ranking is robust to changes in weights.
Poverty cutoff
The poverty cutoff k reflects the share of weighted indicators in which a person must be deprived in order to be considered multidimensionally poor. When calculating MPI we implement the full set of possible poverty cutoffs; a k cutoff of 33.33% was selected because it has a normative justification and provided a wide distribution of poverty results. This cutoff captures the acutely poor, namely those who do not meet minimum internationally agreed standards in [usually] multiple indicators of basic functionings simultaneously. When all ten indicators present, this implies that a person must be deprived in at least two (education or health) to six (living standard) indicators in order to be identified as multidimensionally poor. When there is one or more missing indicators, the other indicators present in the dimensions receive higher weight. Thus the 33.33% cutoff may be met with a lower number of deprivations than when the full ten indicators are present. Section 5.4 presents robustness analyses for a range of admissible relative k cutoffs (20 to 40%) and observes that the MPI ranking is robust to such changes.
Two clarifications on MPI indicators vis-a-vis other standard indicators
The MPI indicators differ from traditional education, health and living standard indicators in two ways. First, identification of who is poor uses data from all household members. Second, deprivations of those who are deprived in less than 33.33% of the weighted indicators are censored and not reflected in the final poverty measure. Because of these two differences -considering all household members' achievements, and censoring the deprivations of the non-poor -the censored headcount ratios are computed differently from MDG-related statistics, and their numerators and denominators differ.
MPI Findings
Appendix Table A .1 presents the MPI estimation results and those of each of its components H (the headcount ratio) and A (the intensity). We also provide for the first time, the bootstrapped confidence interval for these three measures. The table contains the original sample size in each survey and the proportion used for the MPI computations. Further results such as the indicators' censored headcount ratios are provided in the Supplementary Data.
What can we learn from the MPI results which complement what we can learn from income poverty estimates? Here we emphasize five points.
Global poverty estimates
About 1.67 billion people in the developing world are in acute poverty or MPI poor (Table 3) . That is about 32% of the total population in the 104 countries.
27 This headcount figure lies between the total number of people living on less than $1.25/day in the 90 countries for which we have 27 We consider only the countries for which we have performed estimations. This is a methodological difference from Chen and Ravallion's global poverty figures (2010, p. 1598) which assume that countries without surveys have the poverty rates of their region. comparable data, which is 1.53 billion people (29%), and the total number of people living on less than $2/day, which is 2.74 billion people (53%).
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How were these estimates obtained? We apply the MPI headcount ratio in each country to the 2007 population figures (taken from UN 2011). The MPI estimates rely on surveys implemented over an 8-year span (2000-2008) . However, 87% of the countries' estimates covering 94% of the total population are within a range of five years: 2003-2007. As we stressed earlier, data issues limit crosscountry comparability and the accuracy of these first global estimates. Still, these figures provide a rough estimate of the global and regional numbers of the acutely poor and also indicate the analyses that would be possible with more frequent and more comparable data. 29 To estimate the number of income poor we use the headcount ratios from the World Development Indicators (World Bank 2010). We select the income poverty estimate that is closest to the year of the MPI poverty estimate and never further away than five years. Income and MPI surveys for 66% of countries were fielded one year or less apart.
30 Given equal distance in the years of two income poverty estimates to the MPI estimate, we select the most recent one. The income headcount ratio is then applied to the 2007 population figure of each country. 28 Note that income poverty estimates within five years distance from the year of the MPI estimate are not available for 14 countries. The total number of MPI poor excluding these 14 countries is 1.63 billion, which still lies in-between the two income poverty estimates, whether 2007 or 2010 population figures are used. 29 We could have used a weighted aggregation of the MDG trends for each country to extrapolate MPI values to 2007. However, the MDG trends in each indicator are not linear. Further, this would assume that changes in the joint distributions perfectly mirror the changes in the individual MPI indicators. Given that a value-added of the MPI is its direct link with the joint distribution, we chose not to make those assumptions. 30 If there is no income poverty estimate within five years of the MPI estimate, we do not report the income poverty information for this country. In 30% of the countries, the year of the income poverty estimate coincides with that of the MPI estimate; in 36.7% there is one year difference; in 13.3% and 15.6% there are two and three years' distance, respectively. Less than 5% of countries have four and five years' difference between survey years. 
Distribution of global poverty
Where do the MPI poor live? Table 3 and Figure 2 depict the distributions. South Asia is home to 49% of the total MPI poor whereas Sub-Saharan Africa is home to 27% of the global poor, followed by East Asia and the Pacific, with 16%. 31 Despite the fact that that our findings are constrained by data of uncertain quality in China, 32 we can state that although the average MPI of Sub-Saharan Africa is the highest across regions, South Asia is home to nearly twice as many multidimensionally poor people as Sub-Saharan Africa. We also find that over two thirds of the MPI poor (69%) live in lower middle income countries whereas only just below a third live in low income countries. This result is in line with Sumner's (2012) estimates of the distribution of global income poverty in 2007 and constitutes -as he points out -a thought-provoking result. 31 Interestingly, the distribution of the MPI poor across the regions of the developing world with estimates 2000-08 are very similar to the distribution of the extreme poor in 2007 (Sumner 2012 , Table 1 , option of "adjusted base years"). 32 Recall that China's MPI uses 2002 WHS data, and their accuracy is uncertain.
The critical situation of South Asia is not just a matter of the shattering number of poor but also the intensity of poverty. In many areas, the intensity of poverty is as high as in African countries. For example, India's MPI is 0.283. Yet, when we decompose the MPI across large Indian states, we find that eight states have poverty levels as acute as the 26 poorest African countries (that is, MPI values higher than 0.30) and are home to 423.6 million multidimensionally poor persons, more than the 26 poorest African countries combined (407.7 million). UN (2011) . Further details on the computation are described in the text and in Table 3 .
Differences between MPI and income global poverty estimates evidently result from discrepancies in estimates at the country level. These are displayed in the scatter plot of the income and the MPI poverty headcount ratios in Figure 3 . Interestingly, there is ample variation across countries. For most countries (69 out of 90), the MPI headcount ratio is higher than the $1.25/day headcount ratio -as depicted by the continuous diagonal -and also higher than what the overall income to MPI poor ratio would predict if it held for each country -as depicted by the discontinuous line. There are some striking differences such as those of Ethiopia, Niger, Cameroon and Kenya, with the MPI 33 The poorest 26 African countries are (in decreasing order): Niger, Ethiopia, Mali, Burkina Faso, Burundi, Somalia, the Central African Republic, Guinea, Sierra Leone, Liberia, Mozambique, Angola, Rwanda, Benin, Comoros, Madagascar, DR Congo, Senegal, Malawi, Nigeria, Tanzania, Cote d'Ivoire, Mauritania, Chad, Zambia and Gambia. The eight Indian states (in decreasing order) are Bihar, Jharkhand, Madhya Pradesh, Uttar Pradesh, Chhattisgarh, Orissa, Rajasthan and West Bengal. This comparison considers the eight poorest large Indian states. Meghalaya and Assam are small states with MPI values also above 0.30. If we include these, the total MPI poor in the ten poorest Indian states is 444 million people. The Indian states population figures were estimated applying the DHS data population shares of each state (after sample drop) to India's 2007 population. Further analysis on decompositions at the sub-national level for a large sample of countries is provided in Alkire, Roche and Seth (2011). headcount ratio being between 40 and 50% points higher than the income poverty one. Most low and high human development countries (which have income poverty information) belong to this category (88 and 81% respectively). Interestingly, just under two-thirds of medium human development countries have a higher incidence of acute poverty than $1.25/day poverty. 34 Of the 104 countries all but four (Hungary, Croatia, Montenegro and Slovenia) have an MPI headcount ratio that is lower than the $2/day headcount ratio. 34 We used the 2010 HDI categories. We find a similar pattern in terms of the income category (World Bank 2010): 87% and 84% of lower and upper middle income countries correspondingly have a higher MPI headcount ratio than a $1.25/day headcount ratio whereas this is 65% for low income countries. The four high income countries in the sample also have a higher MPI than extreme poverty rates. 
Poverty's intensity
One particular insight that can be drawn from the MPI is that one can assess the degree of average simultaneous deprivations, namely, poverty intensity. We find that countries with higher MPI headcount ratios tend to have higher average intensity. Figure 4 depicts, Togo and Rwanda have similar intensities. However, while in Togo almost half of the poor experience relatively low intensities (33 to 49%), 17% of the poor experience high intensities (70% and over) and 36% of the poor are placed in the middle range (50 to 69%). In Rwanda, just over half of the poor are in the middle range (59 to 69%), just below 40% of the poor experience relatively low intensities (33 to 49%) and only 10% of the poor experience high intensities (70% and over). 
The poor and the deprived non-poor
There is an interesting divergence between traditional deprivation rates in single indicators and the MPI censored headcounts in the same indicators, which reflects the value added of the MPI in looking across indicators for the same person. As a particular application of the Alkire and Foster (2011a) family of measures, the MPI reflects the joint distribution of achievements. People who experience deprivation in some indicators yet whose weighted sum of deprivations is less than 33.33% are not considered poor. Thus the deprivations they experience are censored and not included in the MPI. We examine the pattern of deprivation using the censored headcount ratios: the proportion of people who are poor and deprived in each indicator. These can be contrasted with what we call the raw headcount ratios: the total proportion of people deprived in each indicator, regardless of whether they are identified as MPI poor or not. The magnitude of the discrepancy provides information on the share of people who are deprived but not poor. 
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OPHI Working Paper 59 www.ophi.org.uk 26 Figure 5 presents an example of such differences for two sample countries: Bangladesh and Cameroon. These two countries have similar MPI values: 0.292 and 0.287, respectively. In both countries the difference between the raw and censored headcounts is highest for cooking fuel. Other large differences can be seen in sanitation, assets, electricity, and in the case of Bangladesh, floor. Given that weights affect who is identified as poor, the differences between the raw and the censored headcount ratios across all countries are larger among the living standard indicators than among the health and education indicators. In fact, the, the raw and censored headcount ratios differ most for cooking fuel and sanitation, followed by assets, water and electricity. Differences were lowest for malnutrition and years of schooling. 35 Discrepancies between raw and censored headcounts can be usefully analysed at the national level to distinguish widespread sectoral needs from data inaccuracies or personal or cultural preferences. 
What deprivations do the poor experience?
A fundamental advantage of the AF family of direct measures is that it can determine the (postidentification) contributions of each deprivation to overall poverty. 36 Such information provides real insights into the challenges that multidimensionally poor households experience simultaneously and into the need for policies to address interconnected deprivations. For example, examining the indicators' contributions, we find different patterns of health deprivations in the two poorest regions: South Asia has a relatively higher incidence of malnutrition whereas Sub-Saharan Africa has a relatively higher incidence of mortality. The censored headcount ratio of malnutrition is 30 to 70% higher than the mortality censored headcount ratio in Nepal, Bangladesh and India, whereas the censored headcount of mortality can be up to 3.8 times that of nutrition in African countries. 37 
Robustness of the Multidimensional Poverty Index
As with any poverty measure, the MPI involves a number of decisions on the parameters' values which affect both the identification and aggregation steps. This section assesses the robustness of poverty comparisons to these decisions. Key decisions are: the indicator's choice and definition, deprivation cutoffs, weights and the poverty cutoff. Given the novelty of the MPI, many wondered how these choices affect the MPI estimates (Ravallion 2011; Ferreira 2011; Thorbecke 2011, among others) . Our analysis is inspired by literature on poverty orderings in the unidimensional framework initiated by Atkinson (1987) and Foster and Shorrocks (1988) . 38 Conditions and tests of stochastic dominance are being extended to the multidimensional case ( This section evaluates how changes in each parameter affect relative MPI values, ceteris paribus. As stated earlier, data constraints limit cross-country comparability of MPI estimates. Aware of these underlying differences, we nonetheless apply a significant bevy of robustness tests in order to assess how sensitive the relative values of MPI across countries are to changes in key parameters.
Household composition
The first question is whether observed deprivations reflect household size and composition. A household has the possibility of being deprived in three MPI indicators -nutrition, school attendance and mortality -only if it contains children or women of reproductive age, except for the countries for which we use WHS where adults (male or female) are measured, and for the 37 DHS countries were males are interviewed for the mortality questionnaire (although in most of them this is only in a random 36 The composition of MPI poverty for each country is available in the Supplementary Data as well as in the 'country briefings' and data tables which are regularly updated. The latest versions can be found on www.ophi.org.uk/policy/multidimensional-poverty-index/mpi-country-briefings/ 37 This is consistent with findings by Klasen (2008) . 38 They derived the conditions for variable-line and variable-measure poverty orderings which are linked to stochastic dominance relations. Ravallion (1994) and Jenkins and Lambert (1997) provide graphical tools connected to Foster and Shorrocks' (1988) results. Davidson and Duclos (2000) and Barret and Donald (2003) developed related statistical tests. 39 For example, Duclos, Sahn and Younger's (2006) test becomes too demanding in terms of the size of the dataset with more than two dimensions.
OPHI Working Paper 59 www.ophi.org.uk 28 sub-sample). Thus, in general, households having more children and women seem more likely to be identified as poor. On the other hand, larger households seem more likely to have a member with five years of schooling and to own more than one of the assets, so might be less likely to be identified as poor.
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To evaluate the empirical impact of household size and composition, we perform hypothesis tests of differences in means. In each country we test whether MPI poor households have a significantly higher average size, a higher average number of children under five years of age, a lower average number of members of 50 years of age and over, and a higher number of females, compared to non-poor households. We also test whether the proportion of poor households which are female-headed and which have children of school age are significantly higher than the proportion of non-poor households with such characteristics. We considered stratification and clustering when computing the standard errors and use a confidence level of 95%. Table 4 presents the proportion of population-weighted countries (using 2007 population values) for which we find that poor households have a significantly higher mean of the considered characteristics than non-poor households. We also present the population-weighted proportion of countries with a significantly lower mean and with non-significant higher and lower means.
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The columns 'Overall' present the results for all countries. We find that the results for household size and number of females do not demonstrate a clear bias: 50% of poor households across all populationweighted countries have a significantly higher household size and 48% have a higher average number of females, but on the other hand 38% of households have a significantly lower household size or lower average number of females, making the overall size effect inconclusive. However, poor households are likely to have more children: 56% have a significantly higher average number of children under five, and 59% are more likely to have school-aged children, and only 7.5% and 5.5% of households have significantly lower means respectively. Having a higher number of people aged 50 and above is associated with lower poverty in 42% of the population-weighted countries and with higher poverty in 20%. Interestingly, only in 11% of the countries did poor households have a significantly higher probability of being female headed. In 36.7% of them they have lower probability, and in the rest, there is no significant difference.
Discriminating by MPI level and by geographical region unveils an interesting pattern by country groups. We group the countries into 'Low', 'Middle' and 'High-MPI' countries. These correspond to the 33 rd and 66 th centiles of the population-weighted countries ordered by the MPI. 42 We find that the poorer the country, the more likely poverty is to be associated with larger households, a higher number of under-5-year-old children and females, and the presence of school-aged children. For example, in only 18.6% of the low-poverty countries do poor households have a significantly larger size than non-poor households; 40 The effect of household size is also a topic of research in income poverty measurement. Lanjouw and Ravallion (1995) show that the empirical result that large families tend to be poorer is particularly sensitive to the assumed household-size elasticity of the cost of living. However, they find a stronger relationship between household size and child stunting, although not for wasting, which suggests that this issue requires exploration for the MPI. 41 We do this for all countries except for Slovakia and Slovenia (excluded because they have an MPI value of zero). 42 As it can be seen in Table 4 , the groups themselves are not a third of the population each because China and India are around each of the two cutoffs: the cumulative population share is 16.7% before China and it is 42% after it; the cumulative population share before India is 62%, and after India it is 84%. We have tried various other possible MPI cutoffs to group the countries, namely at the 33 rd and 66 th centiles of the countries not population weighted; at the 25 th and 75 th centiles, both population weighted and unweighted; and two sets of ad hoc cuts: one at an MPI of 0.16 and 0.33, and the other at 0.21 and 0.42. Results with these alternative groupings are consistent with conclusions detailed here.
OPHI Working Paper 59 www.ophi.org.uk 29 while in 76% of them, they have a significantly lower size. Yet, in 47.3% of the middle-MPI countries, poor households are larger as against 23% in which they are smaller. And in 85% of the poorest MPI countries, poor households exhibit a significantly larger household size than non-poor ones. A similar pattern repeats for the number of under-five-year-old children, the presence of school-aged children and the number of females. The number of household members 50-years and older seems to have the opposite effect: in poorer countries, they decrease the probability that a household is poor. Finally, in 72% of high MPI poverty countries, poor households are less likely to be female headed, while this is 44% among middle MPI poverty countries and 15% among low MPI poverty countries.
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We also performed analysis by geographical regions. Results (available upon request) are consistent with those by MPI level. Poor households in the poorest geographical regions -Sub-Saharan Africa, South Asia and the Arab States (because of the presence of Somalia) -exhibit larger average household sizes and a higher prevalence of children and women. These variables have much lower significant differences between poor and non-poor households among countries in the less poor regions of Latin America and the Caribbean, and East Asia and the Pacific.
In summary, larger households, with more children and women, are more likely to be MPI poor in the poorest countries but not necessarily in other countries. There are distinct possible explanations for these results. The first relates to the survey design. For 12 of the 39 countries in the low MPI poverty group, WHS data was used. In the DHS and MICS, usually all eligible females in households are interviewed about mortality, and all eligible females and children are measured for nutrition. The WHS interviewed at most one respondent per household on the questions of mortality, and only one person (male or female) was measured for nutrition. Thus, it is likely that countries for which the MPI uses WHS data (many of which are the least poor) would not exhibit a strong impact of household size and the presence of females and children. The second explanation is that MPI poverty is, objectively, higher among larger households and those with more children. This is likely to explain at least part of the effect of household composition. 44 The third possibility is that the survey design and MPI indicator construction artificially and inaccurately inflate the apparent poverty in large households. Datasets for multiple low, middle, and high MPI countries having information on all indicators for all household members could be used to ascertain whether this is the case. A fourth possible interpretation is that the MPI indicators may be slightly biased but in a justified way: almost 30% of the 49 MDG indicators refer to children or women, suggesting that these group-specific vulnerabilities may be a priority. The MPI mirrors this priority. 43 We have also analysed the country results not weighting by their population sizes. In such cases, we find a more homogeneous pattern across country groups by MPI level (with a less strong effect on high MPI countries) and a stronger overall association between household size and the presence of children and women and the probability that a household is poor. 44 To test this, the MPI could be computed only for living standard and years of schooling indicators to observe whether the same household composition effects are apparent when limited to those seven variables. This can be combined with indicator-specific systematic reviews which explore the interrelations between child-and woman-specific indicators and household size.
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Robustness to changes in the indicators and deprivation cutoffs
There is a legitimate diversity of judgments regarding what would or would not count as a deprivation in a number of indicators. If small changes in any cutoff would lead to a considerable re-ranking of countries, this should be made explicit and the accuracy of that cutoff closely examined. To test the sensitivity of the MPI to deprivation cutoffs, we implemented different versions of the MPI using different cutoffs and, in some cases, indicators. In particular we investigate a) three different measures of child nutrition (weight-for-age -the underweight indicator, weight-for-height -the wasting indicator, and height-for-age -the stunting indicator) and a different reference population; 45 b) child mortality with and without age restrictions; c) including child school attendance versus using years of education only; d) considering the water source without time to water; and e) using higher deprivation cutoffs for water (requiring piped water), sanitation (requiring a flush toilet) and floor (considering a household having a palm bamboo/wood plank floor to be deprived). 46 We estimate the MPI for each alternative (changing one indicator at a time), rank the countries, then compute two rank correlation coefficients between the rankings: Spearman and Kendall Tau-b (Kendall and Gibbons 1990) . Table 5 presents the Kendall correlations.
Neither the change in the reference population nor the change in the children's nutritional indicators produces a significant change in country rankings. The rank correlation coefficients between the 2010 MPI, which uses the underweight indicator and the new reference population, and three alternative MPIs, one using stunting, another using wasting, and another using underweight with the old reference population, are all above 0.91 (Table 5) . 47 For the mortality indicator we estimated an alternative MPI considering as deprived households where there had been a diseased child of under five years of age only for the 52 countries in which this information is available. This reduces the MPI, except for the case of Somalia and Mexico. The biggest reduction is 0.045 in Cote d'Ivoire. The rank correlation between the rankings of the two MPIs is 0.867.
In sum, all Kendall's Tau correlations are above 0.86, and all Spearman's rank correlations exceed 0.96, which suggests that the rankings are highly robust to these changes in the deprivation cutoffs. All correlations are also significant at the 5% level. 45 Children who are more than two standard deviations (SD) below the median of the reference population (z-scores) are considered underweight, wasted or stunted, respectively. The reference population from which the median is calculated has recently been changed by the WHO as has the methodology used to construct the growth curves (WHO 2006) . The new reference population (used in the MPI computation) has wider ethnicity coverage than the old one (used for robustness check). 46 We focus on testing these choices, which cover the three dimensions. Tests on the years of education cutoff, cooking fuel and the asset indicator are left for further research. 47 When the stunting is used, the MPI is always higher (the average increment is 0.0139). When wasting is used, MPI tends to be lower, except for ten countries. Yet, all in all, country rankings do not change significantly. Note: The reported rank correlation coefficient is the Kendall Tau-b (which corrects for tied ranks). Spearman and Pearson correlations are no lower than the reported ones.
Robustness to changes in the indicators' weights
As explained in Section 2.3, the MPI has a structure of nested weights in which each of the three dimensions receives an equal relative weight of one-third and each of the indicators within each dimension receives an equal weight. To test whether the MPI is robust to a plausible range of weights, we have estimated the MPI with three other alternative weighting structures, giving 50% of the relative weight to one of the three dimensions and 25% to each of the other two in turn.
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Changing the indicators' weights affects the poverty estimates. However, the country rankings are robust to such changes. Table 6 presents the correlation between the country rankings obtained with the baseline of equal weights and that obtained with the other three alternatives. The correlation is 0.89 or higher using Kendall Tau-b and higher with the Spearman correlation. Interestingly, the rank correlation between the three alternative weighting systems is also relatively high -none lower than 0.83. We also compared the MPIs for all possible pairs of countries across the four different weighting structures and found that in 88.7% of the total possible pairs, one country has higher poverty than the other regardless of the weighting system.
In we compute three indices of intra-group rank concordance and Friedman's test of rank independence for these results. As anticipated we find a high degree of rank concordance (0.975 or higher) and the test rejects the null hypothesis of rank independence. The same analysis is performed considering only the 75 poorest countries and discriminating by survey. While robustness remains strong, we find that country rankings among the WHS countries are least robust. Among non-WHS countries, the minimum of Kendall's Tau-b is 0.910, whereas in WHS it is 0.635. Rank concordance indices are also reduced to between 0.81 and 0.86 for countries using WHS surveys, whereas they remain high for the other countries. Even so, the tests of rank concordance on all of the sub-groups of countries -including the WHS countries -reject the null hypothesis of rank independence with 99% confidence.
In summary, we can say that while the weighting structure affects the magnitude of each country poverty estimate, the relative position of each country with respect to others is highly robust to changes in the indicators' weights.
Robustness to changes in the poverty cutoff
Alkire and Foster (2011a) and Lasso de La Vega (2010) developed the conditions for M 0 orderings across k values, based on the vectors of weighted attainments. Here we follow a practical equivalent approach, using bootstrapping to test the poverty orderings (Davidson and Duclos 2000, p. 1436) .
We test the robustness of country rankings to the selection of the k-poverty cutoff within a range of admissible values, in this case between k=20% and k=40%. This can be interpreted as a test of a restricted form of dominance. The selection of 1/3 as a poverty cutoff is intended to capture the acutely poor, namely those who do not meet minimum internationally agreed standards in multiple indicators of basic functionings simultaneously. The normative argument for the lower bound is that while a household may have one shortfall by choice, or due to indicator definitions, it is more likely that households with multiple deprivations in these very primitive indicators are poor, hence the lower threshold should exceed 16.7%, which is the highest usual weight upon a single indicator. The empirical reason is that individual indicators may be inaccurate proxies for deprivation occasionally. On the other extreme, cutoffs above 40% can be considered overly demanding.
The testing proceeds as follows. We estimated the MPI for the different selected k values and bootstrapped them. As all the surveys used have a complex survey design we have drawn samples of clusters (with replacement) within each strata (Deaton 1997) . For each country we have performed 1000 replications and with these estimates, we have created the bootstrap 95% confidence intervals. 49 Given two countries, A and B, we say that B dominates A if A's (bootstrapped) lower bound MPI estimate is greater than B's (bootstrapped) upper bound MPI for all the considered k values. That is, B has lower poverty than A regardless of the k cutoff and considering alternative samples. We perform this comparison for all the possible pairs of countries.
We find that 87.4% of all possible pairwise comparisons of bootstrapped estimates are robust to a change of k between 20 and 40%, meaning that one country is unambiguously less poor than another, independently of whether we require people to be deprived in 20, 33 or 40% of the weighted indicators. We also performed these comparisons within the UN regions. We find that, within the mentioned k range, 90% of the pairwise comparisons of the five Asian countries are robust; this is 85.9% for the 37 Sub-Saharan African countries, 87.3% for the Arab countries, 77.9% among the Latin American and Caribbean countries and 77.8% among the East Asia and Pacific countries. The lowest proportion of robust pairwise comparisons is among the Central and Eastern Europe and the CIS, where it is 44.3%.
The level of robustness to k values by regions seems to be inversely associated with the proportion of countries in each region that lack one or more indicators and directly related to the MPI level and survey quality. The region of Central and Eastern Europe and the CIS, which presents the lowest robustness, is the one with the highest proportion of countries that lack one or more indicators (34%), followed by Latin America and the Caribbean and East Asia and the Pacific, where 22 and 15% of countries lack at least one indicator, correspondingly. Additionally, about 30% of the countries in Central and Eastern Europe and the CIS and in Latin America and the Caribbean regions use WHS data. Finally, these countries tend to have low MPIs, thus are more sensitive to parameter changes.
When we test for robustness considering only countries with ten indicators we find that 91.2% of the comparisons are robust. When we discriminate by survey, we find that 91.7% of comparisons among DHS countries, 85.2% among MICS countries and only 59.6% among WHS countries are robust, analogous to the results with the robustness to weights.
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These results suggest that even if one would think that acute poverty should refer to people deprived in 20% of the weighted indicators rather than in a third, or -alternatively -in 40% of the weighted indicators, such changes would not affect the ranking results dramatically. Within this range, rankings are quite stable and robust, particularly for poorer countries and regions.
A different potential critique to the k cutoff is that requiring people to be deprived in 33.33% of the weighted indicators implies that some poor people will be deprived in only one dimension, which raises questions as to how their poverty is 'multidimensional'. 51 Upon analysis we find that less than 3% of the MPI poor are deprived in indicators pertaining to only one dimension. 52 More precisely, 2.8% of the 1.67 billion poor are deprived only in education, 2.2% are deprived only in health, and 2.5% only in living standards. As with any average, there is variation underneath. Four countries have more than 33.33% of poor deprived only in education and seven countries have high proportions deprived only in health. In all but one case, these are countries that lack an indicator within that dimension, so that any observed deprivation receives 33.33% weight. Additionally, all are among the least poor countries, with MPI values of 0.083 or lower, and most use WHS data. In all but four countries, the proportion of people deprived only in the living standard dimension is 15% or lower.
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In summary, the 33.33% k cutoff seems to identify a set of multiply deprived people, and less than 3% of the poor are deprived only in one of the dimensions. 50 We also tested robustness across income categories, which are directly related to average MPI values, and found 85.9% of robust comparisons across low income countries, 87.6% across lower middle income countries, 74.8% across upper middle income countries but only 32.1% among high income countries, showing again that low MPI estimates are less robust. 51 We are grateful to Anthony B. Atkinson for making this point. 52 We find that, on average, 17.6% of MPI poor people across our 104 countries are deprived in exactly 33.33% of the weighted indicators. When we consider only the 63 countries that do not lack any indicator, the weighted average of the proportion of the poor population who are deprived in just 33.33% of indicators is 14.1%. By survey, we find that the proportion of poor deprived in just 33.33% is 15% for DHS countries, 17% for MICS countries and much higher -32% -for WHS countries. 53 The four exceptions are Zimbabwe, with 17% of the poor deprived only in living standard; Kenya, with 20%; Chad with 24%; and Peru with 26%. These countries do not lack any living standard indicator and only one is a WHS country (Chad). Except for Peru which has an MPI of 0.086, the other three have middle-range MPI values, 0.18 to 0.34.
Robustness to sample variability
The bootstrapping technique was also used to test the robustness of the MPI country rankings that use k=33.33%. MPI estimates, as well as its components H and A, may vary with the particular sample used in each country. Bootstrapped standard errors range from 0.00004 in the case of Belarus to 0.0165 in the case of Chad, with an average of 0.0045. 54 The standard error tends to be bigger the poorer the country: the Pearson correlation coefficient between the standard error and the MPI point estimate is 0.63. Consistent with this, the average standard error among WHS countries is the lowest (0.0034) as there are many low poverty countries among these, whereas the average standard error among MICS countries is 0.0053 and among DHS countries is 0.0045. In general, we can see that these values are low and thus provide reliable point estimates. This is also confirmed by analysing the rankings with the upper and lower bound estimates.
If data were fully comparable, a country would have an unambiguously lower MPI if the upper bound MPI estimate is strictly lower than the lower bound MPI estimate of another, in other words, if their confidence intervals do not overlap. Table A .1 in the Appendix presents the lower and upper bound estimates of the MPI, H and A for each country. We did not expect countries with adjacent ranks to have unambiguously different MPIs. Yet 9% of the countries do have an MPI that is unambiguously lower than the country that is immediately adjacent in the ranking. 55 Moreover, 22.5% of the countries have an MPI unambiguously lower than that of the country two places after them in the ranking, 53% have an unambiguously lower MPI than the one of the country five places after them, 78% have an unambiguously lower MPI than the one of the country eight places after them in the ranking, 84% have an unambiguously lower MPI than the one of the country ten places after them.
We performed the same analysis for the MPI components, H and A. For both H and A, the bootstrapped estimates have higher proportions of unambiguous rankings at low distances in the rankings. For example 16% of the countries have a multidimensional headcounts H unambiguously lower than the country that immediately follows in the ranking and 30% have an unambiguously lower A. The rate of increase in the proportion of unambiguous rankings as we increase the difference in rankings is slower than with the MPI.
Naturally sample variability or standard errors of MPI, H and A should always be reported. This section shows that meaningful comparisons are possible for many countries. Of course, the problem of the heterogeneity in the survey years and design remains, as well as the issue of missing indicators in certain countries. 56 54 Alternatively, standard errors for the MPI and its component measures H and A can be computed analytically (Yalonetzky 2011) . 55 Belarus is less poor than UAE; Argentina is less poor than Mexico; Turkey is less poor than Colombia; Indonesia is less poor than Djibouti; Gabon is less poor than Bolivia; Namibia is less poor than Nicaragua; Rwanda is less poor than Angola; Angola is less poor than Mozambique; and Ethiopia is less poor than Niger. 56 A further issue is measurement error, although this may be lower for the MPI than for monetary poverty estimates. See Calvo and Fernandez (2012) 
Concluding Remarks
The 2010 MPI presented in this paper constitutes the first internationally comparable poverty measure using the direct method to measure poverty for over 100 countries. It applies the AF dual-cutoff methodology and M 0 measure to ten indicators across the dimensions of health, education and living standards. It complements information provided by indirect methods such as the $1.25/day poverty line. And the measures are not the same: the relative rate of MPI and of $1.25/day poverty vary considerably across countries, a pattern that deserves further study in future -as does the issue of whether MPI and income measures identify the same households as poor.
The MPI combines poverty incidence with poverty intensity, and although these two seem to be correlated, their combination leads to a different ranking of countries. Analysis of the distribution of poverty intensities among the poor offers additional information regarding the relative burden experienced by different groups. Moreover, it is the inclusion of intensity that enables the MPI to be broken down in order to examine the proportion of the population who are poor and deprived in each particular indicator.
Are these results credible? After considerable scrutiny, evidence suggests they are. The extensive robustness analysis in this paper indicate that the 2010 MPI results are stable to changes in indicators' deprivation cutoffs (and even in some indicators such as child nutrition), indicators' weights, poverty cutoff (the proportion required to be considered multidimensionally poor) and sample variability. The MPI does seem to be higher in larger households and in those households that have a higher number of children and women, but this may in fact reflect the deprivation certain vulnerable groups actually do experience.
However, the 2010 MPI was constrained by data. 57 Although the past twenty years have witnessed great progress in data collection worldwide, there are still three fronts on which considerable improvement is needed to improve the precision of direct poverty estimates: the dimensions, comparability, and unit of analysis.
In terms of dimensions, no multi-purpose survey collects good quality information on the indicators used in the MPI plus dimensions such as income or consumption, work and livelihoods, or violence. Nor are better indicators, for example of quality of education or ventilation of cooking smoke, available. There is thus an urgent need to collect data on a small number of valuable dimensions -within the same survey -in order to enable a stronger multidimensional analysis in the post-2015 MDG era. Second, comparability requires further standardization of some variables such as water and sanitation, as well as respondents for health indicators such as nutrition. Comparability also requires surveys to be updated at least every three to five years. Third, to study intra-household inequalities across gender and age groups would require individual-level information on key indicators. This is usually collected for educational indicators, but not for health or assets. Were some countries to collect indicators at the individual level, it would be possible to complement the MPI with an individual poverty measure that would illuminate intra-household inequalities.
In sum, the MPI has offered new insights on our knowledge of global poverty. By exemplifying what multidimensional measures can accomplish, it has fostered the development of new national poverty measures, as well as exercises of public reasoning and debate which may be intrinsically valuable (Sen 2009 ). This paper has focused on presenting overall results and, particularly, scrutinising the robustness of the 2010 MPI to various parameter choices. Robustness analyses of the kind undertaken here would be required for any subsequent versions of the MPI, as well as for national exercises.
